A variety of tools have emerged with the goal of mapping the current delivery of ecosystem services 22 and quantifying the impact of environmental changes. An important and often overlooked question 23 is how accurate the outputs of these models are in relation to empirical observations. In this paper 24 we validate a hydrological ecosystem service model (InVEST Water Yield Model) using widely 25 available data. We modelled annual water yield in 22 UK catchments with widely varying land cover, 26 population and geology, and compared model outputs with gauged river flow data from the UK 27 National River Flow Archive. Values for input parameters were selected from existing literature to 28 reflect conditions in the UK and were subjected to sensitivity analyses. We also compared model 29 performance between precipitation and potential evapotranspiration data sourced from global-and 30 UK-scale datasets. We then tested the transferability of the results within the UK by additional 31 validation in a further 20 catchments. 32
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Whilst the model performed only moderately with global-scale data (linear regression of modelled 33 total water yield against empirical data; slope = 0.763, intercept = 54.45, R 2 = 0.963) with wide 34 variation in performance between catchments, the model performed much better when using scale input data, with closer fit to the observed data (slope = 1.07, intercept = 3.07, R 2 = 0.990). With 36 UK data the majority of catchments showed less than 10% difference between measured and 37 modelled water yield but there was a minor but consistent overestimate per hectare (86 38 m 3 /ha/year). Additional validation on a further 20 UK catchments was similarly robust, indicating 39 that these results are transferable within the UK. These results suggest that relatively simple 40 5 change. We would also suggest that, because the model produces figures of water yield which 120 appear to have a high degree of numerical precision, and is freely available, it is important to test 121 whether the results are accurate, as users may not always familiarise themselves with the intended 122 use and limitations of the model before incorporating the results into the decision making process 123 (see Willcock et al. 2016) . 124
The InVEST water yield model (Hydropower/Water Yield, InVEST v3.2.0, Sharp et al. 2015) calculates 125 annual water yield from a catchment, with the intended end use of reservoir hydropower 126 production (Sharp et al. 2015) . Although hydropower forms a relatively small contribution to the UK 127 energy sector (DECC 2015), total annual water yield can be considered in the light of many potential 128 services, including agricultural irrigation, provision of drinking water, hydropower and industrial 129 abstraction. The UK is densely populated and has a large proportion of its land area under 130 anthropogenic land uses. This leads to competition between demands for water, which is likely to 131 intensify in the future due to population growth and climate change (Weatherhead & Knox 2000 ; 132 Knox et al. 2009 ). Validated models of current and predicted future water yield, with clear estimates 133 of their accuracy and uncertainty, are thus of great importance in strategic water resource planning 134 (Watts et al. 2015) . Therefore, in this study we focused on the biophysical output of water yield. As 135 the InVEST model is compartmentalised into water yield, water consumption and hydropower 136 valuation, we used the first two components only. 137
The model estimates the total annual water yield (Y) for each grid square (x) of the study catchment 138 as total catchment annual rainfall (P) minus total catchment annual actual evapotranspiration (AET) 139 (equation 1). The model assumes that, on an annual time step, all water falling as rainfall over a 140 catchment, minus that which is evapotranspired, leaves the catchment. No distinction is made 141 between surface and sub-surface water flow. 142
In practice, the measurement of annual actual evapotranspiration at the catchment scale is 143 extremely difficult. Even plot scale evaluation requires highly specialised equipment, and plot and 144 field scale methods to determine actual evapotranspiration are problematic to apply at the 145 landscape scale (Evans et al. 2012) . The InVEST approach relates AET to potential evapotranspiration 146 (PET), which is easier to model, using the methodology developed by Budyko (1974) parameter values which resulted in the best fit to validation data for the original 22 catchments, and 247 used these to run the model for a further 20 catchments (Fig. 1 ). Catchments were again defined 248 from NRFA gauging station locations and were chosen to show wide variation in area, land cover and 249 geology (Supplementary Material, Table S2 ). 250
Results 251

SENSITIVITY ANALYSIS 252
Modelled water yield was highly sensitive to changes in precipitation ( Fig. 2A) , with a 10% increase 253 in precipitation resulting in an 11% -27% increase in water yield, and was somewhat less sensitive to 254 variation in PET (Fig. 2B ). Sensitivity to both precipitation and PET was highly catchment specific. 255
With PET, in some catchments a 10% increase in PET resulted in a 14% decrease in water yield, while 256 the mean decrease was only 5%. The model was relatively insensitive to rooting depth and AWC, 257 with a 10% increase in either of these datasets resulting in a yield decrease of 0% -3%. Sensitivity to 258
Kc was roughly similar to that for PET, which is unsurprising since the effect of the former in the 259 model is to modify the latter, and was likewise catchment specific. In general, catchments were 260 The sensitivity of the model to changes in the value of Z was also strongly catchment specific (Fig.  276 2F), as expected given the spatial variation in the biophysical variables which modulate the effect of 277 Z on water yield (Hamel & Guswa 2015) . Because it is difficult to translate the sensitivity of the 278 model to Z into an appropriate value of Z to use, the outputs from models with varying values of Z 279 were compared to the validation data to identify which value of Z resulted in the best fit to the 280 validation data. The results of this analysis (Fig. 3) showed that model fit (R 2 ) levelled off at Z ≈30 281 (Fig. 3A) , as did slope (Fig. 3B) , whilst overestimation of per hectare water yield was also much 282 reduced at values above 30 (Fig. 3C) . This supports the value of Z = 30 for the model runs detailed 283 below and hence the estimation of Z from mean annual rain days. 
MODEL VALIDATION AND COMPARISON OF CLIMATIC DATASETS 292
Both global-and UK-scale climate datasets resulted in estimated water yields which were strongly 293 correlated with empirical yields obtained from NRFA gauged river flow (Fig 4, Table 1 ). The 294
WordClim and CGIAR-CSI data performed less well than the UKCP09/MORECS datasets. Although R 2 295 values for models using the global input data were only slightly lower (e.g. 0.96 compared with 0.99; 296 Table 1 ), the slope values for per hectare yield (including confidence intervals) were less than one 297 (Table 1) . Hence the global data led to considerable under-estimates (up to 45%) of water yield for 298 catchments where the yield per hectare was high and to overestimates of water yield for those 299 where it was low (Fig. 4B) The mean percentage differences between gauged and modelled water yield were ± 23.36% (SE ± 311 4.40) for the WordClim/CGIAR-CSI data and ± 18.55% (SE ± 4.94) for the UKCP09/MORECS data. 312
However, in both cases one catchment (Welland, labelled 20 on Fig.1) showed a percentage 313 difference of over 100%. Although the difference between the mean percentage 314 under/overestimates of the two datasets does not appear great, it is important to note that the 315 mean is somewhat skewed by the few catchments for which the model performs particularly poorly, 316 especially for the UKCP09/MORECS data. Median values show that for the UKCP09/MORECS data 317 the majority of catchments had percentage differences between gauged and modelled water yield of 318 less than 10% (median = 9.74%) whilst for the WordClim/CGIAR-CSI data more catchments vary by 319 up to 20% (median = 17.19%). 320
Despite the significant correlations between catchment sensitivity to variation in the input 321 parameter values and catchment characteristics, percentage under/overestimates of total water 322 yield using the UKCP09/MORECS data did not show any significant correlations with catchment area, 323 altitude, mean precipitation, mean PET, geology (i.e. base flow index) or land cover. ). These include high sensitivity to precipitation and, to a 397 slightly lesser extent, to evapotranspiration data, as well as empirical support for setting Z from 398 numbers of rain events per year (Hamel & Guswa 2015) . Our results also corroborate those of these 399 presented here demonstrates that the relatively InVEST simple water yield modelling framework can 501 perform well as long as input data and parameters are representative of the spatial and temporal 502 scale concerned. Care should be taken with application of these tools using indicative datasets at the 503 global scale, and in the absence of more local scale data, empirical validation of model outputs 504 becomes even more important. However, the need for ecosystem service models is driven by the 505 fact that many parts of the world lack relevant empirical data (Crossman et al. 2013 ). Therefore, we 506 firstly recommend that, where empirical data are available, models should be validated for locations 507 in the region of interest and the effect of alternative parameter values or input data should be 508 
